Abstract. The Intergovernmental Platform for Biodiversity and Ecosystem Services (IPBES), established in 2012 to counter the biodiversity crisis, requires the best scientific input available to function as a successful science-policy interface that addresses the knowledge needs of governments for safeguarding nature and its services. For the macroecological research community, IPBES presents a great opportunity to contribute knowledge, data and methods, and to help identify and address knowledge gaps and methodological impediments. Here, we outline our perspectives on how macroecology may contribute to IPBES. We focus on three essential topics for the IPBES process, where contributions by macroecologists will be invaluable: biodiversity data, biodiversity modelling, and modelling of ecosystem services. For each topic, we discuss the potential for contributions from the macroecological community, as well as limitations, challenges, and knowledge gaps. Overall, engagement of the macroecological community with IPBES should lead to mutual benefits. Macroecologists may profit as their contributions to IPBES may strengthen and inspire them as a community to design and conduct research that provides society-relevant results. Furthermore, macroecological contributions will help IPBES become a successful instrument of knowledge exchange and uncover the linkages between biodiversity and human wellbeing.
Introduction
To counter the global biodiversity crisis, the Intergovernmental Platform on Biodiversity and Ecosystem Services (IPBES) was established to facilitate the effective use of knowledge on biodiversity and ecosystem services (ESS) in decision-making at all levels. To this end, three of the most important tasks of IPBES 1 are (i) identifying and prioritizing key scientific information needed for policymakers, (ii) performing regular and timely assessments of knowledge on biodiversity and ecosystem services, and (iii) supporting policy formulation and implementation (Opgenoorth and Faith 2013) . IPBES thus has the mission to provide information on issues related to biodiversity and ESS and to thereby support decision-making in these fields. To implement its work programme successfully via its conceptual framework (Díaz et al. 2015a (Díaz et al. , 2015b , IPBES needs to mobilize and engage relevant communities of scientists and other knowledge holders.
The 'scenario and modelling assessment' currently in preparation, in which several macroecologists and biogeographers are prominently involved, is providing a first window of opportunity to showcase how these expectations may play out in reality. Furthermore, and central to IPBES, a number of regional and sub-regional assessments as well as a global assessment of the status and future trends of biodiversity and ESS are now underway. These assessments additionally aim to capture how threats to biodiversity and ESS may impact human well-being and the extent to which political responses to these challenges are effective. Over the next years, these assessments within Objective 2 (see Table 1 ) will constitute the core body of the IPBES work program, and macroecological contributions will be essential for the success of this assessment work.
The macroecology community (which we here view in a rather inclusive way, i.e. as also including biogeographers and community ecologists) may also profit considerably from engagement with IPBES, as it may strengthen and inspire them to design and conduct research that provides society-relevant results. Thus, we see mutual benefits for IPBES and the macroecology community from engaging in the IPBES process.
In the following, we outline potential areas for particularly fruitful contributions from macroecology to IPBES (Table 1) . We focus on those areas where we think macroecology will be able to make significant contributions, specifically regarding biodiversity data and the modelling of biodiversity and ESS. Furthermore, we identify the most important knowledge gaps with regard to the questions tackled by IPBES that need to be addressed by macroecologists in the near future.
Biodiversity data Information needs
Biodiversity has many facets and properties (phenotypes, traits, functions, richness, etc.) set at different levels of organization (from genes, populations, species to communities and ecosystems) and associated ecological and evolutionary processes. The assessment of key facets of biodiversity -their basic description and their occurrence in space and time -is an essential first step to capture information vital for evaluating their conservation and sustainable use, their contribution to ESS, and their relevance for human well-being and sustainable development (Pereira et al. 2012 ). Species-level information on spatial occurrence and/or abundance remains a critical biodiversity data category (Jetz et al. 2012) . Collected over time, this information enables tracking global conservation targets down to monitoring species at individual sites. It also provides crucial basic information to parameterize and validate any effort in model or scenario development.
Overall, quality assessed, representative, and readily accessible spatio-temporal information on species distribution and abundance is thus a key need for addressing the IPBES mission. However, to become truly relevant for the successful use within the IPBES process, the scope of required data types reaches beyond species distributions. Data on genetic diversity, species' abiotic requirements, biotic associations or co-occurrence . Trait data has similarly seen an increase in digital availability, thanks to recent trait databases for animals (Jones et al. 2009 , Foden et al. 2013 , Wilman et al. 2014 or plants (Kattge et al. 2011 ). However, a first challenge will be the aggregation of biodiversity information at scales relevant for the IPBES process. The coverage of most macroecological studies does not match with the areas defined for the regional assessments of IP-BES, which are based rather on political than on biogeographic boundaries; the assessment for Asia and the Pacific, which includes areas from the Middle East via Australia to French Polynesia, is probably the most extreme example
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. Furthermore, heavy taxonomic and regional biases in the availability of data on biodiversity distribution and change remain (Meyer et al. 2015) . For instance, tropical regions with the highest diversity are largely under-sampled (Beck et al. 2012 (Beck et al. , 2014 . Similarly, most invertebrate taxa, marine species, and the majority of the plant kingdom, which altogether constitute the largest portion of diversity, are poorly sampled both in terms of distribution and monitoring (Beck et al. 2012) . Even though efforts for compiling data on biodiversity change are increasing (Collen et al. 2009 , Hudson et al. 2014 , Bowler et al. 2015 , Dulle et al. 2015 , such data compilations remain sparse, with only a few countries having national biodiversity monitoring systems in place (Pereira et al. 2012) . Furthermore, despite first initiatives on the compilation of comprehensive trait databases (see above), such data are still lacking for most taxa.
Towards more and better data for more and better use
To increase the taxonomic and geographic coverage of the databases, incentives need to be developed for collecting (new) data in standardized and coordinated ways, for harmonizing, sharing and digitizing existing data, e.g. from museum collections, and for publishing 'raw data', e.g. in the form of descriptive studies. Here, online infrastructure such as the Map of Life (Jetz et al. 2012 9 )
can serve as catalyst by highlighting data gaps and offering collaborative tools for data integration, quality control, visualization and analysis -thus directly supporting IPBES assessment methods. Rapidly growing citizen science efforts offer great potential to help address identified data gaps and provide vast information, especially for more popular and readily identified taxa (Bonney et al. 2014) . Novel modelling approaches appear to (Phillips and Elith 2013 , Iknayan et al. 2014 , Keil and Jetz 2014 , Pagel et al. 2014 . Furthermore, the integration of additional data types such as information on genetic diversity or physiological traits allows a better understanding of biodiversity responses to global change impacts (Kearney and Porter 2009 , Khaliq et al. 2014 , Sunday et al. 2014 , Fristoe et al. 2015 , vital for the IPBES goal of addressing future scenarios. Perhaps the major question is how to move forward the monitoring of biodiversity change. Macroecologists should engage in the current process of developing Essential Biodiversity Variables, helping to identify the variables that need to be measured across taxa and regions (Pereira et al. 2013) . We also need to develop efficient and effective approaches for the measurement of those variables, combining in situ and remote sensing, and further developments in integrating and harmonizing existing observations (Jones et al. 2011 , Pereira et al. 2013 ). The current limitation of resources available for data acquisition or digitization is a crucial impediment for further progress. While opportunities should not be missed to emphasize the need of mobilizing adequate funds for these efforts, it is therefore also required to use existing data, such as those collected by national or regional agencies more efficiently and to identify priorities.
Modelling of biodiversity Information needs
Models help understand the spatial and temporal variation in biodiversity in response to both environmental variation and anthropogenic pressures. However, we are lacking biodiversity models that capture the many dimensions of biodiversity holistically, as most models deal with a geographic, taxonomic or functional subset of ecological communities. To build a picture of how biodiversity as a whole is changing, models are required that can be used in an integrated manner. Such a suite of models would be useful in an IPBES context to demonstrate the projected impacts of anthropogenic pressures now and in the future, under different scenarios of human development.
What information can macroecology provide at present?
Currently, macroecological modelling (which we focus on, while acknowledging that numerous other approaches of biodiversity modelling exist) can be classified into broad and largely discrete domains along several lines, including methodological approach, taxonomic coverage or intended application. Here we categorise a set of example models according to their methodological approach -correlative or mechanistic -and consider what information these models can provide in isolation and collectively.
Correlative models. Correlative models which relate the variation of biodiversity features across space and time to other factors, e.g., contemporary climatic conditions, are perhaps the most widely used approach in macroecological modelling. Correlative approaches can be further subdivided into models focusing on emergent features of species assemblages (e.g., species richness) and species distribution models (Guisan and Rahbek 2011) .
'Classic' macroecological modelling mainly deals with establishing statistical relationships between diversity measures of species assemblages and the variation in environmental variables (Currie 1991 , Rahbek et al. 2007 , Algar et al. 2009 , Dehling et al. 2010 . Common diversity measures include species richness, beta-diversity, functional or phylogenetic diversity (Orme et al. 2005 , Graham et al. 2009 , Thieltges et al. 2011a , 2011b , Fritz and Rahbek 2012 . The overarching aim is to infer general processes that govern the distribution of life in space and time, hence providing a fundament for understanding and projecting the future of biodiversity in a changing world. Over recent years, initiatives such as the GLOBIO model (Alkemade et al. 2009 ) or the PREDICTs framework (Hudson et al. 2014 , Newbold et al. 2015 use advanced tools of correlative modelling to assess human-induced changes in biodiversity and to project potential futures of biological communi- Species distribution models (SDMs, also referred to as ecological niche models or habitat suitability models) relate occurrence (or abundance) data of single species to environmental information in space to understand species' distributions and environmental preferences, and to project species' potential distributions Zimmermann 2000, Elith and Leathwick 2009) . While early SDM studies were simple and mostly built on climatic variables, improving data on environmental drivers, e.g., from remote sensing, new methods (machine learning, maximum entropy, etc.), enhanced computing power, as well as biodiversity data availability have led to great improvements (Elith et al. 2006 , Zimmermann et al. 2010 , Higgins et al. 2012 . Recent studies also incorporate information on species' response mechanisms, e.g., via physiology or dispersal (Buckley et al. 2010 , Jaeschke et al. 2013 , Ceia-Hasse et al. 2014 , or genetic information (Bálint et al. 2011) . Despite several shortcomings that need to be considered (Araújo and Peterson 2012) , SDMs are powerful tools to analyse and project species distributions. Thereby, SDMs, diversity models (see above) and combinations of both (Guisan and Rahbek 2011 ) constitute a key methodological asset from macroecology to IP-BES.
Mechanistic models. Mechanistic models are a genre of biodiversity models which aim to more closely represent or explicitly include the population dynamic, physiological, or ecological processes affecting species distributions or the spatial variation of diversity. In the macroecological context, there is a long pedigree of such models for plants, ocean microbial communities and marine ecosystems (e.g., Prentice et al. 1992 , Follows et al. 2007 ). However, there are fewer such mechanistic models for terrestrial heterotrophs. Here we focus on mechanistic models of terrestrial biodiversity, namely on models of the plant community and models of higher trophic levels.
At the level of main tree species, plant functional types, and ecosystems, structurally very different process-based modelling approaches have been developed. These include forest gap models (Bugmann 2001) and Dynamic Global Vegetation Models (DGVMs; for a review, see Prentice et al. 2007 ; for recent studies, see e.g., Scheiter and Higgins 2009 , Gonzalez et al. 2010 , Pavlick et al. 2012 , Scheiter et al. 2013 . Forest gap models simulate the population dynamics and growth of major tree species and are commonly parameterized for particular species and regions (e.g., Landsberg 2003). Based on their functional characteristics, DGVMs aggregate species into global plant functional types which compete for resources. Model outputs include the distribution of biomes, occurrence and effects of fires, vegetation structure and biogeochemical fluxes between soil, vegetation and atmosphere, and vegetation net primary productivity, some of which are closely related to ESS.
Macroecology has also been fundamental for the development of ecosystem models that include several trophic levels (e.g., Christensen and Walters 2004, Fulton et al. 2011 for marine systems). Higher trophic levels have also been included in DGVMs, which makes it possible to estimate livestock carrying capacities (Pachzelt et al. 2013 (Pachzelt et al. , 2015 . Recently, a general ecosystem model applicable globally and in all terrestrial and marine environments has been developed (Purves 2013, Harfoot et al. 2014a) : the Madingley Model attempts to mechanistically represent whole ecosystems by modelling all the individual heterotrophic organisms in each ecosystem according to their functional traits and based on a set of fundamental ecological processes (Harfoot et al. 2014a ).
Towards more powerful biodiversity models
To parameterize and evaluate biodiversity models, and to adjust projections of biodiversity, quantitative data on observed biodiversity change from monitoring are crucial. Underlying data are often available in different spatial resolutions, and biodiversity projections are needed at different spatial scales. The PREDICTS project which assembles data on biodiversity exposed to varying anthropogenic pressures at the local scale and which covers a large range of species, ecosystems and ecoregions (Hudson et al. 2014 , Newbold et al. 2015 , is More studies are needed that compare the performance of different kinds of models at different spatial scales (e.g., Thuiller et al. 2003 , Elith et al. 2006 . Such model verification and validation is crucial for any endeavour of biodiversity modelling and projection. The identification and communication of uncertainties and limitations is of prime importance, such as the poor predictability of important variables like fire, or the uncertainty involved with the projection into novel climates and environments (Eigenbrod et al. 2015) . As another example, the now very popular concept of tipping points or planetary boundaries (Rockström et al. 2009 ) is inherently linked to uncertainties surrounding the definition of thresholds. Here, macroecology might help to quantify the levels of uncertainty surrounding the tipping points, as well as to reduce uncertainties by the provision of credible data. IPBES should, through its assessment work, emphasize these challenges and encourage researchers and institutions to invest more in these issues.
Currently, future projections of species distributions are often still based on simple abiotic variables. Advances could be made by incorporating other drivers into models of species distributions, such as a land cover change (Hurtt et al. 2011) , changes in nitrogen availability and deposition, as well as biome shifts and changes in vegetation (driven by climate and land use change). Both forest gap models and DGVMs simulate changes in habitat characteristics, which can also be used as predictors in SDMs or population dynamics models (Triviño et al. 2011 , Linder et al. 2012 , Pachzelt et al. 2013 . We think that such approaches of linking DGVMs and SDMs have great potential. Another promising avenue is improving the link between species distributions, species richness and various remote sensing products (Asner and Martin 2009 , He et al. 2011 , Pettorelli et al. 2011 ).
As mentioned above, models depend on the underlying data (Platts et al. 2014) , and the need for more and better data and especially an increased regional and taxonomic coverage of fundamental species distribution data cannot be overstressed. To link biodiversity data to ESS, models of functional diversity and ecosystem functions appear to be promising (see also below). However, to implement such models over large spatial extents, better information on species' functional traits and habitat requirements is needed (e.g., Rondinini et al. 2011) . We also need research about which traits are relevant for the functions in focus (Violle et al. 2007 , Dehling et al. 2014 ) and which may constrain or facilitate coexistence. The inclusion of biotic interactions in spatial biodiversity models remains challenging (Cooper and Belmaker 2010 , Gotelli et al. 2010 , Kissling et al. 2012 , Kissling and Schleuning 2015 and in great need of additional empirical and conceptual work.
Overall, a better exchange between different modelling communities but also between modellers and conservationists would help to identify modelling approaches relevant for the conservation of biodiversity. More generally, changes in biodiversity should be compared to changes in other sectors, e.g., agriculture, energy or health, which is currently attempted by the Inter-Sectoral Impact Model Intercomparison Project (isi-mip 10 ; see also Harfoot et al. 2014b ).
Modelling of ecosystem services Information needs
The overarching goal when modelling ESS is to quantify the relationships between ecosystems (the potential or stocks and flows of ESS) and the different segments of human society that may (a) benefit from them and (b) help to provide ESS flows through additional human and financial capital input. Of particular interest for policy and planning is to quantify not only the current distributions of ESS, but also their capacity (Mace et al. 2015) and future trajectories (positive or negative) under different socio-economic scenarios (Reed et al. 2013 ). As such, ESS models are effectively models of coupled socio-ecological systems (Carpenter et al. 2009 (Swetnam et al. 2011) , modelling of ESS effectively means producing maps of current and future distributions of ESS at policy-relevant spatial scales.
In an IPBES context, there is recognition of the overarching question outlined above, but a particular focus on developing "… models assessing the impacts of drivers and changes in biodiversity on ESS" (IPBES/2/16/Add.4). Understanding the entirety of how changes in biodiversity affect ESS is an enormous challenge, particularly as the relationships between biodiversity, ecosystem functioning, and ESS remain relatively poorly understood (Cardinale et al. 2012) . Nonetheless, models are already able to identify synergies and trade-offs of land management for different ESS. It is crucial to understand which land use or land cover changes are likely to increase or decrease which elements of biodiversity and ESS provision now and in the future, and how communities across the globe will be affected. Ideally, the models of synergies and trade-offs should be sufficiently complex to capture interactions and feedbacks between the social and ecological drivers of such land use/land cover changes and thereby to anticipate or predict indirect land use changes, too. Interactions are likely to be non-linear, complex and scale dependent (Evans et al. 2014) , and IPBES assessments need to convey this complexity in an accessible manner to decision makers and clearly identify uncertainties. Overall, the feedback loops in socio-ecological systems need to be elucidated to assess synergies and trade-offs in managing for biodiversity and ESS and other societal goals. Furthermore, indicators for potential tipping points need to be identified (see also above) as well as pathways for how conservation and restoration strategies may serve to safeguard biodiversity and support the sustainable provision of ESS and thereby human well-being.
Available information and identified challenges
Perhaps the single greatest challenge in ESS science remains the lack of primary data for most services in most places, and the lack of reliable spatial proxies (Eigenbrod et al. 2010) . As recently as 2008, an attempt to map all possible ESS globally resulted in only four services being mappedcarbon storage and sequestration, grassland production of livestock, and water provision (Naidoo et al. 2008) . Since 2008 there have been major conceptual advances (Maes et al. 2012 , Martín-López et al. 2012 , Crossman et al. 2013 , Van der Biest et al. 2014 ), but progress on producing global maps of ESS has been rather slow (see e.g. Balmford et al. 2015) . However, as most biodiversity-related decision making is taking place at the regional or even local level, regional models are of prime importance, and global models should have the flexibility to adapt to the special conditions of different regions. Particular challenges exist where ESS distributions are not strongly linked to readily available GIS layers (i.e., land cover, elevation) but are highly context-dependent. Such services include pollination, as well as most cultural services, whose nature and intensity differ across different cultural settings. Moreover, individual ESS models are generally not coupled, and thus future feedbacks and interactions between services cannot be identified.
Our understanding of how changes in biodiversity affect ESS is even more poorly developed. Although species richness and higher variation in species composition is thought to generally increase ESS, patterns vary by service and region, and these findings are largely based on smallscale, mostly experimental work (Cardinale et al. 2012) . More global, empirical analyses, such as Maestre et al. (2012) will enable the type of largescale understanding of the relationships among biodiversity, ecosystem functions, and ESS that are called for within IPBES (see also Midgley 2012) .
Towards an integration of biodiversity and ESS models
It is likely that ESS modelling will advance sufficiently over the next years to at least partially meet the stated goals of IPBES. Modules within major ESS modelling platforms are advancing rap- idly by building on an increasing number of case studies (e.g., Ruckelshaus et al. 2015) and, crucially, by incorporating process models from different fields. Nevertheless, ESS work that is more stakeholder-oriented or social-science-based still often relies on relatively simple proxies for ecosystem services, such as land cover for erosion risk or soil organic carbon content for soil fertility (Maes et al. 2012) . We think that more direct linkages between mechanistic models and ESS analyses have potential, building on recent efforts to couple biophysically-based models from different disciplines. These include DGVMs and hydrology models (e.g., Betts et al. 2007 , Gerten et al. 2008 , or in the case of Integrated Assessment Models, such as IMAGE 3.0 (Stehfest et al. 2014) , climate, biome, biodiversity (when coupled to GLOBIO, Alkemade et al. 2009 ), hydrology, crop and land use models.
We need a better integration between disciplines and more incentives for inter-and transdisciplinary research. Closer collaborations between social and natural scientists as well as experts from policy and practice in research design and productions may enhance mutual understanding and developing new models. For instance, there is an emerging literature examining the full global life cycle impacts of the goods and services consumed in different countries on various natural resources (e.g., Peters et al. 2011, Holland et al. in press) and biodiversity (e.g., Lenzen et al. 2012 ) by using multiregional models based on trade data, such as the GTAP database
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. For example, it has been shown that within-country reductions in carbon emissions by industrialised countries were completely offset through emissions associated with the import of goods from developing countries (Peters et al. 2011 ). Other studies have assessed the effects of managing for carbon conservation under the REDD+ mechanism under the IPCC on other ESS (e.g. Runsten et al. 2013) , including aspects of leakage effects, i.e., when conservation programmes displace adverse land use and land use change to other areas (e.g., Strassburg et al. 2012) . Given the interconnected nature of the global socio-ecological system, it could be fruitful to integrate analyses of international trade patterns in IPBES assessments.
However, despite such likely future advances, large-scale ESS models will only partially be able to address what is called for in IPBES, and major uncertainties and limitations will remain. For instance, the limited availability of biodiversity data (as discussed above) limits our ability to understand relationships between biodiversity and ESS. Another major difficulty is to link biodiversity functions and processes with the estimation of their cultural, social, economic and health benefits -the final ecosystem goods (Evans et al. 2014) , and how their loss will affect human well-being. This is particularly challenging as these links may vary across spatial scales, and among biome types or continents, due to their different evolutionary history. Overall, models need to move from assessing distributions of potential ESS to assessing distributions of realized ESS (Burkhard et al. 2012) . Doing this at the large scales required for IPBES is extremely difficult due to the various local to regional to global scales of socio-ecological realities that drive such interactions.
In conclusion, it is unrealistic to assume that we can arrive at global models of ESS provision within a time window so that they become relevant for the first rounds of IPBES assessments. We can synthesise the current knowledge on relationship between biodiversity and ESS broadly, and we often have to rely on more regional case studies to inform stakeholders and decision makers, as well as on a combination of quantitative and qualitative methods. However, IPBES is not expected to present final answers in the near future. Its purpose is to assess and synthesize current knowledge as well as to identify knowledge gaps. Based on this, it will stimulate further research and provide suggestions for the way ahead.
Conclusions and perspectives
Adequate underlying data are indispensable for the development of more realistic scenarios of biodiversity and ESS. Incentives for closing gaps in the availability of data are therefore of paramount importance. Given the higher complexity involved in the modelling of biodiversity and ESS compared to, e.g., climate models, it is important to communicate openly any remaining uncertainties in the models. The development of sound models could greatly benefit from an increased transparency and sharing of data and methodologies, as well as from a better communication across disciplines. Probably the most ambitious, but also promising issue with regard to the goals of IPBES remains the investigation of the links between biodiversity and ESS, especially with respect to short-term and long-term feedbacks between them at different spatial scales. The final step would be the integration of scenarios and models of biodiversity and ESS into models of coupled social-ecological systems. Overall, while many challenges remain, macroecology and related disciplines have a lot to contribute to IPBES and can support it to become a successful instrument to halt the global loss of biological diversity as well as to provide a better understanding of sustainable use of natural resources for the benefit of human well-being.
